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Abstract
Background: Microarray experiments are becoming increasingly common in biomedical research, as is their
deposition in publicly accessible repositories, such as Gene Expression Omnibus (GEO). As such, there has been a
surge in interest to use this microarray data for meta-analytic approaches, whether to increase sample size for a
more powerful analysis of a specific disease (e.g. lung cancer) or to re-examine experiments for reasons different
than those examined in the initial, publishing study that generated them. For the average biomedical researcher,
there are a number of practical barriers to conducting such meta-analyses such as manually aggregating, filtering
and formatting the data. Methods to automatically process large repositories of microarray data into a
standardized, directly comparable format will enable easier and more reliable access to microarray data to conduct
meta-analyses.
Methods: We present a straightforward, simple but robust against potential outliers method for automatic quality
control and pre-processing of tens of thousands of single-channel microarray data files. GEO GDS files are quality
checked by comparing parametric distributions and quantile normalized to enable direct comparison of expression
level for subsequent meta-analyses.
Results: 13,000 human 1-color experiments were processed to create a single gene expression matrix that subsets
can be extracted from to conduct meta-analyses. Interestingly, we found that when conducting a global meta-
analysis of gene-gene co-expression patterns across all 13,000 experiments to predict gene function, normalization
had minimal improvement over using the raw data.
Conclusions: Normalization of microarray data appears to be of minimal importance on analyses based on co-
expression patterns when the sample size is on the order of thousands microarray datasets. Smaller subsets,
however, are more prone to aberrations and artefacts, and effective means of automating normalization
procedures not only empowers meta-analytic approaches, but aids in reproducibility by providing a standard way
of approaching the problem.
Data availability: matrix containing normalized expression of 20,813 genes across 13,000 experiments is available for
download at . Source code for GDS files pre-processing is available from the authors upon request.
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Using microarrays for hypothesis generation and valida-
tion has become routine in virtually every area of biome-
dical research. However, the majority of generated data is
underutilized since publications reporting microarray
results often focus on a small subset of the results they
feel are most relevant to their research focus, even if
other interesting observations may be present in the data.
Thanks to the Minimum Information About a Microar-
ray Experiment (MIAME) [1] to standardize descriptions
and reproducibility, along with the requirement imposed
by most journals to make microarray data publicly acces-
sible, this wealth of data is accessible to the community.
Microarray data repositories, such as Gene Expression
Omnibus (GEO) [2], ArrayExpress [3], Stanford Microar-
ray Database [4] contain growing amounts of gene
expression data from multiple biological organisms and
treatments. For example, besides just storing microarray
data, GEO also provides a simple web interface to analyze
and compare individual GDS (GEO Data Set) files.
ArrayExpress also provides a means to access its database
via ExpressionProfiler software [5] and with Bioconduc-
tor R package for subsequent analysis. However, the abil-
ity to conduct a large-scale meta-analysis focused on a
specific condition or disease, is not provided and neither
is it trivial to compile a list of datasets associated with
such conditions that are directly comparable. One of the
chief concerns is the heterogeneity among probe design
within microarray platforms, laboratory variations, and
methods of data pre-processing.
W h e t h e rt h em e t a - a n a l y s i si sf o c u s e do ns p e c i f i c
experimental types [6,7] or is aimed at a global assess-
ment of gene expression patterns across all experiments
[8-10], the major hurdle is that it heavily depends on
the quality of the underlying data. For example, if a
probe on one platform hybridizes to a much longer
transcript than on another platform, the probe intensity
will appear constitutively higher and direct comparisons
will suggest differential expression. The accuracy and
reproducibility of commonly used microarray platforms
has been hotly debated with results ranging from rela-
tively discouraging [11,12] to promising [13,14]. A
multi-center consortium, MicroArray Quality Control
(MAQC) performed independent assessment of gene
expression data reproducibility and found results to be
very optimistic [15]. Furthermore, MAQC II analysis
confirmed biological differences as the most readily
detected value [14,16]. However, a human factor (i.e.
people conducting identification of biological differ-
ences) is one of the most important pieces on the analy-
sis [16]. As such, detection of true biological differences
require a comprehensive method of diverse microarray
data integration conducted with an understanding of the
underlying technical and biological issues.
Gene nomenclature poses another serious problem in
comparison of different microarray platforms. Gene
identifiers, such as GenBank, Illumina IDs, Affymetrix
IDs have different underlying annotations and are not
directly comparable. Several attempts have been made
to overcome those hurdles. Two tools, List of lists-anno-
tated (LOLA) [17] and List to List (L2L) [18] were cre-
ated to compare gene lists against microarray data from
different platforms, different nomenclatures, or even dif-
ferent organisms. However, these tools rely on published
data and need to be manually curated. A cancer-
oriented database, ONCOMINE [19], was developed for
queuing gene expression profiles in different tumor
types and tissues. CellMontage allows users to correlate
a custom pre-processed gene expression dataset with
GEO datasets grouped by platforms [20]. M2DB is a
curated microarray database which is designed for easy
quality control and retrieval of raw and normalized
microarray data [21]. A major drawback of these tools is
that they require different input format and produce dif-
ferent results often biased towards particular tissue, plat-
form (CellMontage, M2DB) and/or disease (Oncomine).
Several papers have been published that thoroughly
outline the challenges, opportunities and recommenda-
tions for standardization of microarray meta-analysis,
discussing the benefits and pitfalls, and comparing
methods for data processing [10,22-26]. Rather than
develop a different method, the work reported here is
based on a combination of the recommendations
reported in these studies (e.g., mapping probe IDs to a
unified Entrez identifier). In addition, we consider fun-
damental properties of microarray data distributions
[27,28] to standardize different experimental data for
meta-analysis. We present a straightforward method of
extracting gene expression data from publicly available
datasets, performing quality control of the data, compre-
hensively mapping it to Entrez Gene IDs and creating a
gene expression matrix from multiple experiments. Our
method is based on the use of intrinsic properties of
microarray data, adjusted by quantile normalization to
unify distribution of gene expression across diverse
experiments and to accurately determine a level of tech-
nical noise. We compile a gene expression matrix from
13,000 human 1-color microarray experiments, establish
noise level and make expression values comparable
across datasets. We showed our pre-processing steps
increase recall and precision for prediction analysis.
Methods
Obtaining one-color microarray data
GEO Datasets (GDS) files were downloaded from ftp://
ftp.ncbi.nih.gov/pub/geo/DATA/SOFT/GDS/ and
uncompressed from .gz compression format. Files were
selected for processing if the following fields were
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pe=”nucleotide” or “gene expression”, dataset_channel_-
count=”single” or “1”, and dataset_value_type=”count”.
This ensures only raw data from one-channel human
microarray samples were processed.
Probe mapping
Probe mapping was done using a relational database,
assigning unique Entrez ID identifiers based on gene
names and accession numbers downloaded from NCBI
(ftp://ftp.ncbi.nih.gov/gene/DATA/GENE_INFO/Mam-
malia/Homo_sapiens.gene_info.gz). Unmapped probes
were stored in a file and examined if any of the plat-
forms was unmapped due to absence of its mapping
data in the database. Each technological platform has
unique set of probes targeting different gene regions.
Moreover, some probes recognize particular isoforms of
the same genes, such as implemented in Affymetrix and
Illumina platforms. Affymetrix uses extensions to its
unique IDs, such as “_at” indicating a probe recognizing
au n i q u eg e n ei s o f o r m .“_s_at” extension indicates a
probe can recognize multiple isoforms of the same gene.
Illumina flags its IDs by “I” (a probe recognizes a single
isoform) and “A” (a probe recognizing all isoforms). Due
to aforementioned problems of linking diverse manufac-
turer’s IDs to unique gene identifiers it is logical to use
probes recognizing all isoforms of a given gene. Such
probes should have maximum expression value relative
to other probes that only recognize individual isoforms
of the same gene. Therefore, the maximum expression
value was selected from multiple probes targeting the
same gene.
Data pre-processing
Basic parameters were calculated for each dataset,
namely, mean and median. Datasets with mean or
median equal to 0 were excluded, as well as the data-
sets with mean to median ratio equal to or less than 1
(see Results for explanation). Data for each experiment
were sorted and distribution of expression values
around maximum was examined. Due to technological
imperfections some genes demonstrate extreme satu-
r a t e dm e a s u r e m e n t sa tt h eh i g he n do fe x p r e s s i o n
spectrum. Such expression values would negatively
influence the following quantile normalization step by
introducing artefacts, and should be adjusted. Overall,
no more than 0.1% of maximum expression values
showed extreme measurements. For each experiment,
0.1% of genes with highest expression values were
selected, and a minimum expression value (flooring
value) among them was identified. Expression of these
genes was replaced with this flooring value. Each
experimental dataset was then adjusted to fit within
0 - 10,000 range.
Low expression values in each microarray dataset con-
stitute technical noise that can be approximated with
normal distribution [27]. To make distributions of dif-
ferent datasets equal the data fit within 0-10,000 range
were quantile-normalized [29]. Briefly, quantile normali-
zation replaces distributions of each dataset with an
average distribution, calculated from an average of
sorted expression values across all datasets. This step
does not alter the data structure (see Results for expla-
nation) but makes it possible to define common noise
threshold and directly compare expression level across
the whole matrix.
Validating data preprocessing steps
We explored the data structure in 1) The matrix con-
taining raw expression values; 2) matrix containing
scaled to 0-10,000 range data; and 3) matrix containing
scaled and quantile normalized data. We performed
gene ontology prediction analysis [8] and calculated pre-
cision/recall based on the number of correctly predicted
gene ontologies (Equations 1 and 2). We show our
results in a form of F-measure, a test for accuracy that
considers both precision and recall (Equation 3).
Equation 1:
Recall = TP/(TP+FN)
Equation 2:
Precision = TP/(TP+FP)
Equation 3:
F-measure = 2*Precision*Recall/(Precision+Recall).
Results
A total of 2,325 GDS files were downloaded, out of
which 587 contained raw gene expression data from
human single-channel microarrays. Probe identifiers
were mapped to Entrez IDs, totaling 20,814 genes.
Quality control: mean/median ratio
Single-channel microarray data follows well-defined dis-
tribution that can be approximated with a lognormal
model [27,28]. Genes expressed below noise level form a
pronounced normal distribution at low expression levels
while genes expressed above noise are spread across the
whole spectrum of expression. These properties of
microarray data distribution dictate that its mean and
median parameters can’tb ee q u a l ,w h e r e b yam e d i a n
should be always smaller than a mean. Thus, the mean/
median ratio in a dataset should always be more than 1.
Investigation of Mean/Median ratio (MM ratio) in all
datasets proved this to be the case for majority of data-
sets. Median value for MM ratio was 4.55 (Figure 1).
Seven datasets (139 experiments total) with MM ratio
less than or equal to 1.2 were removed as suspects for
bad quality data. A total of 577 datasets with 13,000
experiments were used for further analysis.
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While remaining datasets did not contain negative values,
raw expression data distribution may show inconsistent
intensities at very high expression level [30]. Manual
inspection of all datasets for possible outliers identified
on average 0.1% (~20 genes) of the top expression values
showing extreme measurements. Such extreme measure-
ments would distort data rescaling in unpredictable ways.
To minimize the impact of such outliers they were set to
their minimum value (floored). This step included selec-
tion of top 0.1% of genes with highest expression level in
each unprocessed experiment, identifying their minimum
and setting them to that minimum. This change on 0.1%
expression values did not affect data distribution (data
not shown). The resulting matrix of 13,000 experiments
containing expression values for 20,814 genes was scaled
to 0-10,000 range.
Quantile normalization
Gene expression matrix from 13,000 experiments con-
tained data from different experimental platforms. Affyme-
trix platforms delivered highest number of datasets, with
234 datasets done on Affymetrix Human Genome U133A
Array (GPL96) followed by 111 datasets on Affymetrix
Human Genome U95A Array (GPL91) platform (Figure 2).
Even though different platforms yield comparable
experimental results [15], thed a t af r o md i f f e r e n tp l a t -
forms produced different distributions. That is, the para-
meters of the lognormal model that can be fitted to
them [27,28] differ (Figure 3A). To make them compar-
able we applied quantile normalization [29]. Quantile
normalization only rescales data distributions to make
them fit to an average distribution calculated from all
datasets. An example of data before and after normaliza-
tion is shown in Figure 3.
Figure 1 Frequency histogram of mean/median ratio distribution of datasets used for processing. Datasets with MM ratio less than 1.2
were excluded.
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Data before and after quantile normalization correlated
with each other (Figure 4A), R
2=0.99. Quantile-normal-
ized data from all experiments has the same distribution
(Figure 4B) and preserves the rank-order of genes by
expression level in each dataset. A normal distribution
was fitted around the peak of low expressed genes and
its parameters were determined. Mean was determined
to be 36 and standard deviation (SD) was 26. As such,
the noise level threshold, commonly defined as 3 SD
above mean was determined to be 114, above which the
level of gene expression can be detected with 99% accu-
racy. Thus, genes with expression values >114 in the
resulting matrix can be considered expressed with p <
0.01 in any given experiment.
Testing the effect of normalization on predicting gene
function
It is hard to empirically demonstrate the superiority of
one normalization approach over another. It is, however,
important to know if your methods of normalization
had a positive effect. Recently, we described a means of
using a global microarray meta-analysis of gene-gene
co-expression patterns to predict gene function [8]. The
basis for this is successful grouping of gene-gene co-
expression patterns from heterogeneous datasets to
identify gene pairs whose co-expression is strongly cor-
related regardless of the experimental condition. Genes
that have strong correlations across datasets tend to
share similar biological functions. We found the top 20
co-expressed genes (e.g., as judged by the strongest
Figure 2 Platforms and number of datasets used in the current study. A total of 43 platforms were used, which comprised 577 datasets
and 13,000 experiments.
Figure 3 Box-and-whisker plots of data distribution in a sample dataset before (A) and after (B) quantile normalization. X axis – dataset
names, Y axis – expression range, only values in 0-1,000 range shown for clarity.
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GO categories of any given gene of interest [8]. As we
report in a related study [31], we find that the predic-
tiveness of these genes rapidly declines the more that
are taken for analysis, suggesting the best accuracy will
result from effectively identifying and grouping the most
correlated genes. Technical noise, however, should affect
the cohesiveness of pairings and, consequently, the pre-
cision by which we can predict biological function. We
hypothesized that raw data should produce more erro-
neous predictions because it is noisier and contains dis-
tortions within the data distributions that should affect
accurate measurement. Thus, if the normalization
scheme is effective and biologically relevant, it should
increase the accuracy by which gene function can be
predicted on the basis of global co-expression patterns
in raw data.
To test this, we conducted a global meta-analysis to
predict GO categories. 16,140 genes with known GO
categories were used for analysis. The most highly cor-
related genes in terms of their co-expression patterns
across all 13,000 microarrays were identified using
metrics described in a related work [31]. For each gene,
i t st o p2 0g e n e sw e r eu s e dt op r e d i c ti t ’s GO category.
The results were compared against its annotated GO
category, looking for the fraction of predicted categories
that were exact matches to the annotated categories. In
this analysis we wanted to identify the effects on both
precision (i.e., ability to correctly predict GO categories)
and recall (i.e., ability to find as many known annota-
tions as possible). As such, we used F-measure (defined
as (precision+recall)/2)) to estimate the effect of pre-
processing steps and normalization on predicting gene
functions.
We compared predictions using the raw data, data
that was scaled and outliers eliminated as described, and
data fully normalized as described herein. We found
using the raw data, the F-measure was 0.114. Scaling the
data to a common 0-10,000 range increased the F-mea-
sure to 0.125, and using quantile normalized data
allowed us to reach an F-measure of 0.130. These results
demonstrate that each pre-processing step increases the
ability of the global meta-analysis to identify biologically
relevant patterns of co-expression.
Discussion
One enabling factor for high-throughput data standardi-
zation is that the input data files should have a well-
defined structure for mapping data elements. Specifi-
cally, within GEO, the GDS (GEO dataset) files work
best for that purpose, since they are reassembled by
GEO staff and stored in text files with information
fields. GDS files are standardized versions of the origin-
ally submitted GSE (GEO series) files. GSE datasets lack
a standardized structure and will require manual reas-
sembly, which currently lags the production of such
datasets and is a reason others have chosen to exclude
them as well [10], [32].
One of the primary challenges in standardizing data-
sets is choosing an appropriate identifier for each gene.
Fortunately, many tools exist to convert microarray IDs
between database probe names and among the more
developed are DAVID [33] and RESOURCERER [30].
One dedicated effort, AILUN, attempted to map all
Figure 4 Data distribution before and after quantile normalization. Example of expression changes in a dataset before and after quantile
normalization, and a frequency histogram of an average distribution fit to all datasets. A) Data from a sample dataset plotted before (X-axis) vs.
after (Y-axis) quantile normalization. No major distortions were observed, quantile normalization introduced only transitional rescaling to the
data; B) An average distribution fitted to all datasets. This distribution allows setting global noise threshold and directly comparing expression
levels across the datasets.
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was to try to map to a common, widely used identifier,
the Entrez gene IDs [35] (superseding LocusLink) as
defined by NCBI. Entrez’s “one gene – one ID” concept
suits well for the purpose of bringing expression values
from multiple probes targeting one gene to a single pla-
ceholder, the only drawback being that some probes on
lesser used platforms may not map to a gene ID. The
number of such experimental probes varies significantly
from platform to platform. Ultimately, next-generation
sequencing will provide an even bigger challenge for
meta-analysis, as many sequences identified will not
have existing identifiers.
Single-channel microarray data have been shown to
exhibit a well-defined distribution of their values
[27,28]. A frequency histogram of low-expressed values
shows a peak that approximates a normal distribution,
the parameters of which serve as a platform-defined
(and platform-dependent) noise threshold. Expressed
probes are those on the rightmost tail of the distribution
-the highly expressed values. The nature of these experi-
mental data distributions dictates that the mean and
median of the data can’t be equal. Indeed, as shown on
Figure 1, the Mean/Median ratio for the majority of the
datasets differed from 1. This parameter is a quick and
simple estimate of microarray data quality, and should
be included in data quality control.
Data from different technological platforms have dif-
ferent levels of noise and probe intensity and direct
comparisons could be misleading without first correct-
ing for these issues. Quantile normalization [29] is a
means of normalizing data distributions to an averaged
distribution across all datasets. As expected (Figure 4),
an average distribution of all datasets, showed pro-
nounced peak of low-expressed genes, which can be
fitted with normal distribution. Although quantile nor-
malization changed expression values slightly to make
them fit to an average distribution, such changes are
gradual. If a gene is co-expressed with another gene, a
slight change in expression level even of both genes will
not change the fact of their co-expression. Quantile nor-
malization may slightly influence calculation of Pearson
product-moment correlation coefficient, a metric for
estimating correlation between two vectors, although we
do not anticipate it to be a major problem.
Each experimental platform may suffer from erro-
neous or artefactual expression measurements, such as
negative values, or extremely high expression. Since
gene expression can’t be negative, such values, if pre-
sent, should be flagged. In the present study datasets
that passed quality control did not have negative values,
which does not guarantee their absence in other datasets
that could be added to the total pool in the future. We
observed extremely high expression measurements
across several datasets (e.g., where one gene is several
orders of magnitude higher than any other). Such out-
liers may negatively affect performance of quantile nor-
malization by skewing the average distribution in an
unpredictable manner. Therefore, we “floored” top 0.1%
of the data to decrease outliers’ effect. Although this
“flooring” did not noticeably affect co-expression analy-
sis (data not shown) we feel this negligible data treat-
ment is an important precaution against possible
technology-related errors.
To our surprise, even raw data can be used for pre-
dicting gene ontology categories using a global meta-
analysis of all available data [8], although precision and
recall are slightly less than processed data. Closer exami-
nation of the data revealed that even in raw data, gene-
gene co-expression patterns are nonetheless discernable.
This is similar to considering gene ranks [36] which are
also retained in the raw data. Re-scaling the data, how-
ever, allowed more precise predictions to be made, since
common thresholds could be applied. Quantile normali-
zation further increased recall/precision of the predic-
tions, because more exact thresholds can be defined.
This step is imperative for comparative meta-analysis of
data subsets, where absolute level of expression among
different conditions and platforms should be compared.
Conclusions
In this work we addressed potential pitfalls and problems
associated with microarray meta-analysis of large number
of disparate microarray experiments [22] and present
specific steps and precautions. As such, the current paper
aims at providing a means for creating a global, unified
and directly comparable matrix of expression values asso-
ciated with individual microarray experiments. We pro-
vide a framework for researchers to use pre-processed
datasets of interest for their own research.
Acknowledgements
We would like to thank the NIH for their support of this work via NIH grants
#5P20RR020143 and #R21ES019248.
This article has been published as part of BMC Bioinformatics Volume 12
Supplement 10, 2011: Proceedings of the Eighth Annual MCBIOS
Conference. Computational Biology and Bioinformatics for a New Decade.
The full contents of the supplement are available online at http://www.
biomedcentral.com/1471-2105/12?issue=S10.
Authors’ contributions
JDW conceived of the project. MGD designed, implemented and tested the
approach to normalization. Both authors wrote the manuscript. All authors
read and approved the final manuscript.
Competing interests
The authors declare that they have no competing interests.
Published: 18 October 2011
Dozmorov and Wren BMC Bioinformatics 2011, 12(Suppl 10):S2
http://www.biomedcentral.com/1471-2105/12/S10/S2
Page 7 of 8References
1. Brazma A, Hingamp P, Quackenbush J, Sherlock G, Spellman P, Stoeckert C,
Aach J, Ansorge W, Ball CA, Causton HC, et al: Minimum information
about a microarray experiment (MIAME)-toward standards for microarray
data. Nat Genet 2001, 29(4):365-371.
2. Barrett T, Suzek TO, Troup DB, Wilhite SE, Ngau WC, Ledoux P, Rudnev D,
Lash AE, Fujibuchi W, Edgar R: NCBI GEO: mining millions of expression
profiles–database and tools. Nucleic Acids Res 2005, 33(Database issue):
D562-566.
3. Brazma A, Parkinson H, Sarkans U, Shojatalab M, Vilo J,
Abeygunawardena N, Holloway E, Kapushesky M, Kemmeren P, Lara GG,
et al: ArrayExpress–a public repository for microarray gene expression
data at the EBI. Nucleic Acids Res 2003, 31(1):68-71.
4. Hubble J, Demeter J, Jin H, Mao M, Nitzberg M, Reddy TB, Wymore F,
Zachariah ZK, Sherlock G, Ball CA: Implementation of GenePattern within
the Stanford Microarray Database. Nucleic Acids Res 2009, 37(Database
issue):D898-901.
5. Kapushesky M, Kemmeren P, Culhane AC, Durinck S, Ihmels J, Korner C,
Kull M, Torrente A, Sarkans U, Vilo J, et al: Expression Profiler: next
generation–an online platform for analysis of microarray data. Nucleic
Acids Res 2004, 32(Web Server issue):W465-470.
6. Yang X, Sun X: Meta-analysis of several gene lists for distinct types of
cancer: a simple way to reveal common prognostic markers. BMC
Bioinformatics 2007, 8:118.
7. Rhodes DR, Barrette TR, Rubin MA, Ghosh D, Chinnaiyan AM: Meta-analysis
of microarrays: interstudy validation of gene expression profiles reveals
pathway dysregulation in prostate cancer. Cancer Res 2002,
62(15):4427-4433.
8. Wren JD: A global meta-analysis of microarray expression data to predict
unknown gene functions and estimate the literature-data divide.
Bioinformatics 2009, 25(13):1694-1701.
9. Lee HK, Hsu AK, Sajdak J, Qin J, Pavlidis P: Coexpression analysis of human
genes across many microarray data sets. Genome Res 2004,
14(6):1085-1094.
10. Srivastava GP, Qiu J, Xu D: Genome-wide functional annotation by
integrating multiple microarray datasets using meta-analysis. Int J Data
Min Bioinform 2010, 4(4):357-376.
11. Tan PK, Downey TJ, Spitznagel EL Jr., Xu P, Fu D, Dimitrov DS, Lempicki RA,
Raaka BM, Cam MC: Evaluation of gene expression measurements from
commercial microarray platforms. Nucleic Acids Res 2003, 31(19):5676-5684.
12. Severgnini M, Bicciato S, Mangano E, Scarlatti F, Mezzelani A, Mattioli M,
Ghidoni R, Peano C, Bonnal R, Viti F, et al: Strategies for comparing gene
expression profiles from different microarray platforms: application to a
case-control experiment. Anal Biochem 2006, 353(1):43-56.
13. Irizarry RA, Warren D, Spencer F, Kim IF, Biswal S, Frank BC, Gabrielson E,
Garcia JG, Geoghegan J, Germino G, et al: Multiple-laboratory comparison
of microarray platforms. Nat Methods 2005, 2(5):345-350.
14. Larkin JE, Frank BC, Gavras H, Sultana R, Quackenbush J: Independence and
reproducibility across microarray platforms. Nat Methods 2005,
2(5):337-344.
15. Shi L, Reid LH, Jones WD, Shippy R, Warrington JA, Baker SC, Collins PJ, de
Longueville F, Kawasaki ES, Lee KY, et al: The MicroArray Quality Control
(MAQC) project shows inter- and intraplatform reproducibility of gene
expression measurements. Nat Biotechnol 2006, 24(9):1151-1161.
16. Shi L, Campbell G, Jones WD, Campagne F, Wen Z, Walker SJ, Su Z,
Chu TM, Goodsaid FM, Pusztai L, et al: The MicroArray Quality Control
(MAQC)-II study of common practices for the development and
validation of microarray-based predictive models. Nat Biotechnol 2010,
28(8):827-838.
17. Cahan P, Ahmad AM, Burke H, Fu S, Lai Y, Florea L, Dharker N, Kobrinski T,
Kale P, McCaffrey TA: List of lists-annotated (LOLA): a database for
annotation and comparison of published microarray gene lists. Gene
2005, 360(1):78-82.
18. Newman JC, Weiner AM: L2L: a simple tool for discovering the hidden
significance in microarray expression data. Genome Biol 2005, 6(9):R81.
19. Rhodes DR, Yu J, Shanker K, Deshpande N, Varambally R, Ghosh D,
Barrette T, Pandey A, Chinnaiyan AM: ONCOMINE: a cancer microarray
database and integrated data-mining platform. Neoplasia 2004, 6(1):1-6.
20. Fujibuchi W, Kiseleva L, Taniguchi T, Harada H, Horton P: CellMontage:
similar expression profile search server. Bioinformatics 2007,
23(22):3103-3104.
21. Cheng WC, Tsai ML, Chang CW, Huang CL, Chen CR, Shu WY, Lee YS,
Wang TH, Hong JH, Li CY, et al: Microarray meta-analysis database (M(2)
DB): a uniformly pre-processed, quality controlled, and manually curated
human clinical microarray database. BMC Bioinformatics 2010, 11:421.
22. Cahan P, Rovegno F, Mooney D, Newman JC, St Laurent G 3rd,
McCaffrey TA: Meta-analysis of microarray results: challenges,
opportunities, and recommendations for standardization. Gene 2007,
401(1-2):12-18.
23. Hong F, Breitling R: A comparison of meta-analysis methods for
detecting differentially expressed genes in microarray experiments.
Bioinformatics 2008, 24(3):374-382.
24. Campain A, Yang YH: Comparison study of microarray meta-analysis
methods. BMC Bioinformatics 2010, 11:408.
25. Ghosh D, Barette TR, Rhodes D, Chinnaiyan AM: Statistical issues and
methods for meta-analysis of microarray data: a case study in prostate
cancer. Funct Integr Genomics 2003, 3(4):180-188.
26. Bammler T, Beyer RP, Bhattacharya S, Boorman GA, Boyles A, Bradford BU,
Bumgarner RE, Bushel PR, Chaturvedi K, Choi D, et al: Standardizing global
gene expression analysis between laboratories and across platforms. Nat
Methods 2005, 2(5):351-356.
27. Dozmorov I, Lefkovits I: Internal standard-based analysis of microarray
data. Part 1: analysis of differential gene expressions. Nucleic Acids Res
2009, 37(19):6323-6339.
28. Konishi T: Three-parameter lognormal distribution ubiquitously found in
cDNA microarray data and its application to parametric data treatment.
BMC Bioinformatics 2004, 5:5.
29. Bolstad BM, Irizarry RA, Astrand M, Speed TP: A comparison of
normalization methods for high density oligonucleotide array data
based on variance and bias. Bioinformatics 2003, 19(2):185-193.
30. Tsai J, Sultana R, Lee Y, Pertea G, Karamycheva S, Antonescu V, Cho J,
Parvizi B, Cheung F, Quackenbush J: RESOURCERER: a database for
annotating and linking microarray resources within and across species.
Genome Biol 2001, 2(11), SOFTWARE0002.
31. Dozmorov MG, Giles CB, Wren JD: Global meta-analysis of 1-color
microarray experiments accurately predicts gene ontology categories.
BMC Bioinformatics 2011, 12(Suppl 10):S14.
doi:10.1186/1471-2105-12-S10-S2
Cite this article as: Dozmorov and Wren: High-throughput processing
and normalization of one-color microarrays for transcriptional meta-
analyses. BMC Bioinformatics 2011 12(Suppl 10):S2.
Submit your next manuscript to BioMed Central
and take full advantage of: 
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at 
www.biomedcentral.com/submit
Dozmorov and Wren BMC Bioinformatics 2011, 12(Suppl 10):S2
http://www.biomedcentral.com/1471-2105/12/S10/S2
Page 8 of 8